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Model Using Anomaly Detection

Jun Seong Kim', Husnu Baris Baydargil? , Jose Eduardo Silva’, Yeon-Joo Lee’, Meeyoung Cha '
ISchool of Computing KAIST, 2Data Science Group, Institute for Basic Science, 3 Planetary Atmospheres Group, Institute for
Basic Science

£ o
Atmospheric waves on Venus are formed due to temperature changes, pressure, and other atmospheric variables. These
waves can provide important information about the planet’s atmospheric dynamics under extreme climate conditions. This
paper uses self-supervised anomaly detection models to detect atmospheric waves in two kinds of images: longwave infrared
(LIR) and ultraviolet imaging (UVI). Distinct characteristics of LIR and UVI data present new opportunities to analyze the
phenomenon. We also evaluate the performance of different models on both data types and find that UVI data is more suitable
for detecting atmospheric waves than LIR data. The best-performing model, VQ-GAN, showed an AUC score of 86.53% for

LIR data and 90.81% for UVI data.

1. Introduction

Venus is the second planet from the Sun and is similar in size and
bulk chemical composition to Earth. However, its atmosphere is
drastically different from that of Earth, mainly comprising CO,
(carbon dioxide) and other minor compounds like SO, (sulfur
dioxide), which can condense to form clouds at approximately 48-
70 km of altitude [[7]].

Surface-level atmospheric waves on Venus, particularly station-
ary waves, result from a multitude of factors inherent to the dy-
namical processes of atmospheric phenomena. By studying these
waves, we can learn more about the nature and origin of Venus’s at-
mosphere, which represents extreme climate. Specifically, station-
ary waves, characterized by their fixed geographic positions over
extended periods of time, serve as crucial indicators that hint at
the potential correlations between atmospheric dynamics and cor-
responding topographical features on Venus’ surface.

Historically, the identification and analysis of these stationary
waves have predominantly relied on manual inspection conducted
by experts. However, this methodology has become increasingly
impractical, given the sporadic nature of these wave features in ex-
isting datasets and the increasing volume of data obtained from cur-
rent missions, such as the ongoing Akatsuki space probe mission.
When it comes to large datasets in various domains, such manual
approaches are time-consuming and may lead to human errors and
potential oversight of crucial data. With the advance of machine
learning methodologies, task-specific designed models may out-
perform human experts [3]].

In response to these challenges, we implement a vector-
quantized generative adversarial network (VQ-GAN) [8], a gen-
erative model that builds upon our preceding investigation utiliz-
ing data collated by the longwave infrared (LIR) camera aboard
the Akatsuki space probe. This research extends the scope of our
dataset to encompass images captured by the Ultraviolet Imager
(UVI) onboard the same spacecraft. When applied to UVI data,
our model shows promising results in distinguishing between im-
ages that contain or lack stationary wave features when compared

13 1: LIR (on the left) and UVI (on the right) images of Venus,
taken by the Akatsuki space probe on December 7, 2015. A large
bow-shaped stationary wave is observed visibly in the left figure.

to LIR data. Our early findings present a promising alternative to
manual detection of stationary wave features, significantly acceler-
ating data analysis by Venus researchers.

2. Methodology

2.1 Dataset and Image Preprocessing

Atmospheric data used in this study were taken by the Akatsuki
Venus Orbiter in periods December 7th, 2015, and between March
2016 and January 2017, which are the same periods taken in a pre-
vious study with confirmed existence of stationary waves [4]. The
data comprises LIR and UVI image types and is released publicly
by the Japan Aerospace Exploration Agency (JAXA)..

UVI and LIR techniques present unique strengths and weak-
nesses. LIR uses a longwave infrared spectrum, which is associ-
ated with thermal emissions. This is useful for researching tem-
perature mapping, penetration of cloud cover, and access to night-
side imaging [2]]. On the other hand, LIR may lack clarity and
resolution, while indirect inference through temperature variations
rather than direct observations may present contradicting informa-
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tion. UVI uses the ultraviolet part of the spectrum, ranging from
10nm to 400nm in wavelength. While UVI is helpful for cloud
pattern and structure research and SO, detection , it has limited
penetration into Venus’ atmosphere due to thick clouds, which
means it cannot provide surface details [[1]].

Both datasets consist of consecutive Venus images, ranging from
a few seconds to several hours. Due to the low-frequency nature of
the features in each image, we performed multiple preprocessing
steps to highlight the features. The preprocessing pipeline starts
with stacking images taken during the same orbiting period of the
Akatsuki probe. As stationary waves do not move relative to the
sequence of their consecutive images, they are highlighted while
the rest of the features are smoothed out.

We employed protocols for both image datasets to ensure the
uniformity of the output images. Specifically, the Brightness Tem-
perature, a measure of radiation intensity, was normalized within
the LIR dataset, facilitating a more homogenized set of output im-
ages. Concurrently, the Lambert Lommel-Seeliger Law was ap-
plied to the UVI dataset instead to mitigate the impact of view-
ing geometry attributable to solar illumination [5]. This process
resulted in output images characterized by uniform illumination,
thereby removing inconsistencies that might arise due to irregular
illumination patterns.

Additionally, we utilized a high-pass filtering technique to ac-
centuate prominent features in the stacked UVI images. This pro-
cess involved utilizing a Gaussian-smoothed image with a kernel
size specified at (25,25), which subsequently yielded images where
stationary waves were distinctly visible.
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719 2: UVI image after high-pass filtering taken during early an

early period of December 2015.

In processing our model’s image data, we divided each image
into 72 x 72 pixel grids and excluded those with over 2,500 black
pixels for insufficient information. This procedure yielded roughly
2,000 normal (i.e., images without waves) and 50 stationary wave
images in the UVI dataset. Similarly, the LIR dataset comprised
around 600 normal and 60 stationary wave images.

2.2 Anomaly Detection Models

In this work, we use three models for anomaly detection, which
are VQ-GANJS]], VAE-GAN, and f-AnoGAN [6l]. VQ-GAN uti-
lizes vector quantization in its generator. It encodes an input x
into a latent representation F/(x) and quantizes it using a codebook
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719 3: Normal Cloud formation (on the left) and stationary wave
feature comparison between the LIR and the UVI imaging method-
ologies.

C ={ec1,ca,...,ci}. The quantized representation z, is:
2o = arg min || E(z) — iz (D
The generator G then reconstructs the image & = G(z). The
discriminator D classifies images as real or fake, with the loss:
Lp = —(E[log D(z)] + E[log(1 — D())]) (2)

VAE-GAN combines Variational Autoencoders (VAE) and GANS.
It encodes an input z into a latent space 2z using an encoder E and
decodes it back using a decoder G. The reconstruction loss for the
VAE component is:

Lyae = ||z = G(E(2))|* + KL[E()[N(0,T)]  (3)
The GAN component involves a discriminator D, which differen-
tiates between real and generated images with a similar loss to tra-
ditional GANSs.

f-AnoGAN is an efficient anomaly detection model that aims to
reduce computational costs while maintaining high performance.
The difference between f-AnoGAN and other reconstruction-based
models is that there are multiple methods of model training: izi en-
coder training uses residual between real input images and their re-
constructed counterparts. iziy encoder training jointly minimizes
L;,; and Lp by addressing the residual of real and reconstructed
images, while L focuses on the discriminator’s feature residuals.
ziz encoder training minimizes L;,, which is based on the resid-
uals in the latent space. We chose the more comprehensive iziy
encoder training in our experiment for better performance.

During the inference, the rest of the normal and all anomaly-
designated images are input to the discriminator, where true-
positive and false-positive rates are obtained. We calculate the area
under the curve (AUC) scores for each model using these results.

To plot the anomaly graph, we compute the anomaly scores
using high and low dimensions for each model, for which the
weighted anomaly scoring is shown below:

S=AxLl(z,2)+ (1 —\) x L2(E(x), E(Z)) 4
where L1(z, %) is the L1 distance between the input and the recon-
structed image, and L2(E(z), E(Z)) is the L2 distance between
the latent representation of the input and the reconstructed image
and X is the weighting factor, in this experiment, taken as 0.8.

We apply min-max normalization to ensure that the anomaly
scores are on a comparable scale. Given a set of anomaly scores



S, for images i = {1, ..., N}, the normalized score S is:

, _ S;—min(S)
Si= max(S) — min(S) )
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Z19 4: Anomaly distributions between normal and stationary
waves for the LIR data (top) and the UVI data (bottom) using the
VQ-GAN model. It can be seen that anomaly scores for UVI data
are higher than the LIR, and at the same time, anomaly scores for
normal cloud formations are lower.

3. Results

Although the UVI preprocessing step introduces a heavy amount
of noise, it also makes stationary wave features appear more dis-
tinctive. On the contrary, LIR preprocessing causes a blurring ef-
fect on the image, making the stationary wave features harder to
identify. This difference is also reflected in our quantitative and
qualitative analyses, where the VQ-GAN achieves 90.81% perfor-
mance in the AUC score using UVI data, compared to 86.53% us-
ing the LIR data. Anomaly detection distribution plots also high-
light that the UVI data has much better normal data reconstruction
quality and a higher overall anomaly detection rate than the LIR
data. VQ-GAN yielded the best performance among the models
tested with our data, with UVI data displaying more promising re-
sults over LIR applicable for each model.

H 1: AUC comparisons of three anomaly detection models using
LIR and UVI datasets.

Model LIR UVI
VAE-GAN 78.37% 81.80%
f-AnoGAN 82.72% 87.39%

VQ-GAN  86.53% 90.81%

4. Conclusion

This work employed three self-supervised models to detect anoma-
lies in the stationary waves of Venus’ atmosphere. We compared
the performance of LIR and UVI data for this task and found that
UVI data was more effective than LIR data in anomaly detection.
The best model we used was VQ-GAN, which had the highest
AUC scores. In the future, we plan to develop a method to au-
tomatically identify and locate stationary features without using
manual grids. We also want to study how the atmosphere of Venus
changes over time using temporal data.
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